Background: Many human diseases and phenotypes are related to RNA expression, levels of which are influenced by a wide spectrum of genetic and exposure-related factors.
Background
RNA expression levels indicate the overall effect of a combination of genetic and environmental factors [1, 2] , which may result in distinct phenotypic differences, including disease susceptibility [3] [4] [5] . Attempts to unravel these genetic and environmental roles have met with only limited success for some complex diseases [6] . The emergence of new profiling technologies, including genome-wide expression arrays, has increased hope that these factors can soon be disentangled.
Our current study measured RNA expression in the largest genome-wide analysis of human skeletal muscle tissue of which we are aware [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] . In process of analyzing this data, we noticed that the expression levels for some genes showed a distinct bimodal distribution. This pattern was quite intriguing (a nearly ubiquitous assumption with genome-wide expression arrays is that expression-level data are normally or log-normally distributed), and led us to ascertain how often such patterns occurred, and whether such were associated with diabetes-related phenotypes. We also sought to determine the relative role that genetic factors had in the influence of these bimodal patterns.
Limited reports of bimodal expression patterns in other studies have also been made [18] [19] [20] , particularly when heterogeneous tissues are being contrasted [21] [22] [23] [24] [25] [26] such as between healthy and diseased tissue (and for which bimodal expression levels would be expected for perhaps many genes). However, in homogeneous tissue of apparently healthy individuals, such bimodality may be surprising, and hints at unrecognized heterogeneity which may involve precipitating factors of future disease development. Previous reports of bimodality [18, [21] [22] [23] 27] have suggested that 10-30% of transcripts show bimodal expression, yet with an apparent lack of replication of such findings [24] . As part of our analysis, we also observed that batch effects could potentially cause the artifactual detection of bimodality, inflating the prevalence estimate, but that after proper control, the prevalence of genuine bimodality in muscle tissue was in fact quite rare.
While this discrepancy in the estimated prevalence of bimodality is large and invites further investigation, the ability to distinguish genuine bimodals can lead to the more accurate evaluation of their biological role. Bimodality is an important biological phenomenon as it implies the existence of discrete populations (e.g., with and without disease) or discrete genetic or environmental influences on a trait. As such, bimodality has historically been sought in genetic research, yet few reproducible bimodal patterns have ever been observed in this field. One might, therefore, hope that genuine bimodally expressed genes will have significant genetic importance. Hence, it is most intriguing that many of the bimodal genes we identify herein have reported associations with a variety of human diseases and phenotypes. This elicits a multitude of hypotheses regarding the role of bimodal expression and human characteristics, including disease development. Our analysis also evaluates the role of bimodality in one such disease -type 2 diabetes, by assessing the association of the identified bimodal transcripts with pre-diabetic phenotypes in this population of nondiabetic Pima Indians who are at high risk for developing diabetes in their lifetime.
Results

Prevalence of bimodal expression
The prevalence of bimodal expression was estimated from skeletal muscle biopsies taken from 225 nondiabetic, healthy Pima Indians. These tissue samples were scanned on Affymetrix Human Exon 1.0 ST microarray chips which provide on average 49 expression level measurements per gene. Subject characteristics are shown in Table 1 . To assess bimodality of RNA expression, we fit unimodal and bimodal distributions to the gene-level expression data coming from each of the 17,881 core genes. We identified four clusters of chips by scan date which exhibited batch-type effects, two of which could be identified for lot numbers and fluidics station sets used in processing (Additional file 1). These batch effects were found to potentially cause spurious detection of bimodality, and hence the analyses were performed separately in two groups of identifiable chips of size 71 and 47. The full set of size 225 was also assessed for bimodality when such was observed in either of these independent groups (see Figure 1 ). The total number of bimodally expressed genes estimated in each of the chip groups using different requirements for genuine bimodality is shown in Table 2 . This analysis by group found only a small number of genes to be bimodally expressed with little overlap between the two components of the distribution, 19 in group A and 21 in group B, comprising a total of 32 unique genes (Table 3 ). Of these, 8 genes (GSTM1, HLA-DRB1, ERAP2, HLA-DRB5, MAOA, ACTN3, NR4A2, and THNSL2) were found to meet the stringent bimodal criterion in group A, group B, and the total study of 225 samples. Figure 2 shows the log 2 expression level distributions for each of these confirmed bimodal genes. An additional 10 genes identified as bimodal had significant association with gender, of which 9 were located on the Y chromosome (Additional file 2). As bimodal expression may reflect either two distinct levels of transcript abundance or a single transcript abundance level with the lower mode reflecting no expression, we compared the median levels of the lower mode of the confirmed bimodal genes to the median expression levels of all other genes (n = 17,783). The levels of the lower mode were indicative of background (no gene expression) for half of these confirmed bimodals -having median expression levels at the 25 th or lower percentile of all genes, while four of them (THNSL2, MAOA, GSTM1, and ACTN3) appeared to have RNA expression at two distinct abundance levels, each with lower modes corresponding to levels near or above the median of the high mode of ERAP2 (55 th percentile). Figure 1 Identification of genes with bimodal expression. Muscle samples from 225 individuals were processed in groups that could be identified for distinct batch effects influencing the expression levels. Bimodality was assessed in groups of microarrays that were homogeneous for such bias. A variety of constraints were applied to ensure bimodal genes identified were genuine, including replication. Also illustrated is how bimodality may be artifactually (incorrectly) inferred due to heterogeneity of batch effects on expression levels. Many genes initially classified as bimodal in group A had very few data points (often 1 or 2) lying to the left or right of the intersection of the two component normal distributions. As discussed in Methods, genuine bimodality should not reflect the potential influence of a small number of outliers. For a robust reassessment of bimodality, we deleted the lowest 5% and highest 5% of expression values by chip group for each gene. Bimodality was again assessed in these trimmed data sets (n = 65 and n = 43), with similar bimodal prevalence estimates found to the estimate which required a minimum of 10% of data points to be in each component (Additional files 3 and 4). A combined Fisher analysis of these trimmed data sets found the same set of 8 confirmed bimodals plus an additional 6 genes (HLA-C, SLC44A5, NR4A3, HSPC157, ABCC6, and C19orf62) to have a false discovery rate (FDR) < 0.05. The p-values for bimodality of all 17,881 genes in both independent batch groups are plotted in Figure 3 .
Diabetes related phenotypes and mode of expression
We assessed the association of the mode of expression with pre-diabetic traits (body mass index/percent body fat, insulin resistance, and insulin secretion), in the eight confirmed bimodal genes ( Table 4 ). We found insulin sensitivity as measured by a hyperinsulinemic, euglycemic clamp to be higher in those in the low mode of ACTN3 expression (p = 0.0076) and percent body fat to be higher in those in the high mode of MAOA expression (p = 0.018). Body mass index and acute insulin response to an intravenous glucose tolerance test were not found to be associated with any of the bimodal genes in this analysis.
Association of bimodal expression and cis determinants
To investigate the potential cause of such bimodal expression, a subset of 149 individuals who were also genotyped (Affymetrix Genome-wide Human SNP Array 6.0) were analyzed for association with muscle expression levels. Cis-acting SNPs (defined as lying within a 200 kb region to either side of the gene location) were sought in this population. Nearly all of the confirmed bimodally expressed genes and half of the entire bimodal set had highly significant (unadjusted p < 10 -8 ) associations between muscle tissue expression and SNP genotype ( Table 5 and Additional file 5), and were hence expression quantitative trait loci (eQTL). Using the intersection of the two underlying normal distributions as the threshold for assigning individuals to either component of the bimodal distribution, the coefficient of agreement between expression component and SNP genotype was high ( > 0.80) for the majority of the confirmed bimodal genes (Table 5) . Still, some genes had little or less than expected agreement for the density of coverage of the SNP chip. For example, NR4A2 had no agreement at all ( = 0.0). We further investigated this gene for any trans-determinant cause across the entire genome, but no SNP approached a genome wide significance level. We also noted that while GSTM1 had the clearest separation of expression modes, it had the lowest kappa coefficient of the seven cis-associated bimodals, possibly indicating influences other than nearby SNPs on the expression levels, such as environmental exposure or more complex genetic models.
Prevalence of copy number variation in bimodal genes
As polymorphic deletions may greatly affect expression levels, we sought to determine the frequency with which such copy number variation (CNV) may be responsible for producing the bimodal expression patterns. The genes listed in Table 3 were assessed from the UCSC Genome Browser for structural variation (gain, loss, or both) that involved segments of DNA larger than 1 kb. Of the 8 confirmed bimodally expressed genes, copy number variation is known to be present in 3, while 18 of the total 32 possible bimodal genes have currently identified copy number variation. As a comparison, we also assessed a random sample of 32 genes with normally distributed gene expression, and found the same number of geneseighteen, with reported CNV in this database, indicating no difference in the prevalence of CNV in bimodal as compared to unimodally expressed genes. Hence while CNV may well cause bimodal expression for some genes (most notably GSTM1), for the majority of confirmed bimodals, known CNV is likely not the explanation for such a distribution. 
Validation in other populations
We further assessed bimodal RNA expression in two publically available data sets containing expression data from healthy muscle biopsies (GSE13070 [14] ; n = 59 and GSE5086 [15] ; n = 62). We found the prevalence of bimodal RNA expression in these populations to be 0.72% and 1.4% respectively. These estimates were similar to the prevalence we observed, providing further validation that bimodal RNA expression in healthy muscle tissue is a rare event. We also re-assessed bimodal RNA expression in healthy lymphoblastoid cells (GSE1485 [28] ; n = 193) which had previously been estimated to have high bimodal prevalence [18] . We found the prevalence of bimodality in the restricted genes of that analysis to be only 2.9% by our criteria, the difference largely reflecting a previously used statistical threshold which is associated with a much higher false discovery rate than that used in other bimodal expression studies. Of great interest, we found that many of the bimodal genes of our analysis were also highly significant for bimodality in these other three populations ( Table 6 ). These additional validations are most compelling as clear bimodality was also rare in these other populations, with p < 10 -8 of chance concordance of the bimodal gene sets in each of these populations with the Pima bimodals (Additional file 6). We also note that while the most clearly bimodal gene replicating in our analysis (GSTM1) did not show strict bimodality in these other populations, related genes were highly bimodal in these other data sets (e.g. GSTM2 in GSE1485 and GSTT1 in GSE5086, data not shown).
Discussion
Our detection of bimodal gene expression in skeletal muscle tissue reveals an apparently rare (<0.2%), yet potentially new predictor of human disease and phenotypes. Of the eight confirmed bimodal genes, we found that seven were expression quantitative trait loci, as they were strongly to completely associated with possibly causal SNPs occurring within a 200-kb cis region 
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The number of individuals measured for each phenotype varied (n). of the gene. This finding suggests that the majority of bimodal genes which may be found in healthy human tissue may be the result of polymorphisms within such gene regulatory regions. In the remaining potential bimodal genes, highly significant SNP associations were less common (possibly reflecting misclassification of bimodal genes), though still more frequent than occurs genome-wide. Hence in healthy individuals, eQTL are prime (yet not exclusive) locations for finding bimodally expressed genes. We also found that known copy number variation -while a potential explanation for some bimodal expression, was not found in higher abundance than across the genome, and is hence likely not the main source of such distributions.
The current study also assessed the relationship of RNA expression mode with known predictors of diabetes. We observed a likely association of insulin sensitivity with mode of ACTN3 expression, with 42.2% of the individuals falling in the higher expressed mode which was associated with insulin resistance. While not meeting strict correction for multiple testing, this gene has previously been associated with slow-and fast-twitch muscle fiber, with correlation to athletic performance [29] . The bimodal expression of ACTN3 could reflect a bimodal distribution in the proportion of type 2 fibers present in the subjects, though we are not able to assess this directly. As insulin resistance is a known predictor of diabetes [30] , the role of ACTN3 expression deserves further investigation.
Many of the other bimodal genes identified have previously been reported to be associated with other diseases and characteristics ranging from cancer to arthritis [31] [32] [33] [34] [35] [36] [37] [38] [39] , some of these also reporting marked dichotomies in expression levels [38, 39] . Perhaps the most intriguing disease-related bimodal genes are the HLA loci, as the HLA system is known not only to convey risk for a variety of immune-related diseases, but contains the main . Not all genes were represented on the chip or had excessive intra-individual variation (-). ID shown is affy_id. P-values < 0.001 from a likelihood ratio test with 6 d.f. shown in bold. GSE1485 expression data provided to GEO as part of unrelated study [28] . c Bimodality of RNA expression assessed in abdominal muscle from patients undergoing gastrointestinal surgery (n = 59). Not all genes were represented on the chip (-). ID shown is affy_id. P-values < 0.001 from a likelihood ratio test with 6 d.f. shown in bold. GSE13070 expression data provided to GEO as part of unrelated study [14] . d Bimodality of RNA expression assessed in skeletal muscle from subjects with a broad range of insulin sensitivity/resistance (n = 62). Not all genes were represented on the chip (-), ID shown is affy_id. P-values < 0.001 from a likelihood ratio test with 6 d.f. shown in bold. GSE5086 expression data provided to GEO as part of unrelated study [15] .
genetic risk factors for type 1 diabetes [32] . That three of the HLA genes (DRB1, DRB5, and C) were found to have bimodal distributions -as well as ERAP2 which plays a final role in producing HLA peptides [34] , is of great interest, and we are currently further investigating the role of these genes in relation to diabetes and various metabolic phenotypes in the Pima population. The prevalence of bimodal gene expression we have observed in a healthy single tissue is approximately 100times lower than what has been reported in mixed-tissue studies [21, 22] . Since these studies assessed distinct expression differences across heterogeneous tissues, a larger number of bimodally expressed genes would be expected. Our consistently low estimate gives confidence that at least in healthy muscle tissue, unambiguous bimodal expression is not common -providing a new reference prevalence for bimodality in healthy tissue to which studies of bimodality in diseased and mixed tissues may be compared.
Our estimate also differs greatly from the only other prevalence reported for bimodal expression in a population comprised solely of healthy persons -28% in lymphoblastoid cells [18, 28] . As the threshold for assessing bimodality in that study was much more liberal, we re-analyzed the data from this population and found only 2.9% of genes of the limited gene set previously analyzed to show bimodality consistent with the thresholds used in our analysis (see Methods). We also assessed two other publically available data sets containing muscle biopsies, finding estimates of clear bimodality in these populations to be 0.72% and 1.4%, and again with <0.2% prevalence with replication of bimodality across these two data sets (data not shown). These validation sets used chips which had on average 1 or 2 probes per gene, whereas our present study is the first to assess bimodality in expression data from exon arrays which contained on average 49 probes per gene. Hence, the bimodality we observed represents a strong replicated signal which could be missed by a single probe, yet could also miss uniquely bimodal probes when averaged at the gene level. The additional validation of our confirmed bimodal genes in these other populations with low bimodal prevalence ( Table 6 ) provides even more convincing evidence of their authenticity.
We highlight two technical issues for future studies to be aware of: use of a model that allows for unequal variances in the bimodal distribution and the determining of batch effects. We observed that a model that allows for unequal variances was clearly more appropriate than a constant variance model for approximately 20% of the genuine bimodal genes identified in our data, and hence the failure to allow for such as well as differences in data scaling may contribute to some variability in prevalence estimates. Even more important is the potential of batch effects to cause artifactual bimodal expression. Such confounding can occur when any set of experimental factors is not uniform -causing the expression levels to be uniformly over-or under-estimated for a given transcript for a portion of the samples. We noted that these batch effects were associated more frequently with genes of higher transcript abundance levels. We also identified that chips which had distinct lot number differences and which had been processed on distinctly different fluidics station sets gave rise to such artifactual bimodality, though it was not possible to determine which of these factors had a more primary role in this study. However, because this grouped source of heterogeneity was identified for most arrays, bimodality could be analyzed in homogeneous groups, eliminating not only the unwanted bias, but also providing distinct replication sets in which tests for bimodality could be confirmed.
Conclusions
In conclusion, the prevalence of bimodal RNA expression in homogeneous tissue is quite low, and hence has been unrecognized in most expression analyses. The few prior genome-wide studies which have reported bimodality may have over-estimated its prevalence, possibly due to the presence of batch effects and/or overly lenient statistical thresholds. Differences in cell type, microarrays, and populations may also be responsible for some of the large difference in estimated prevalence. An additional novel insight from this analysis is that the majority of genes with bimodal RNA expression apparently exhibited this pattern due to cis-polymorphisms, being expression quantitative trait loci. Future investigations of bimodality in homogeneous tissues from healthy persons will be of great interest in assessing similarities and differences across other tissues and populations, as well as their association with other human characteristics and diseases. In the Pimas, the association of a bimodal gene with insulin resistance and the presence of bimodality in genes from the HLA locus which carries the greatest risk for type 1 diabetes underscore the need to further investigate and understand this interesting phenomenon.
Methods
Subjects
All subjects were part of our study of the etiology of type 2 diabetes among Pima Indians living in Arizona. Volunteers providing muscle biopsies were non-diabetic, healthy, and were not taking any medications. Subjects were assessed for diabetes-free status via a fasting blood draw as well as a 75 gram 2 hour oral glucose tolerance test (OGTT) to confirm that the subject was indeed non-diabetic (fasting glucose <126 mg/dl and 2 hour glucose <200 mg/dl). All subjects provided informed consent (which places some restrictions on access to data and intended research purposes) and all studies were approved by both the institutional review board of the National Institute of Diabetes and Digestive and Kidney Diseases and the council of the Gila River Indian Community.
Tissue Samples
Most muscle biopsies were performed within one week's time of the diabetes assessment (all biopsies were performed within 30 days). After a 12 hour overnight fast and monitored physical inactivity, percutaneous needle biopsies were carried out on the vastus lateralis muscle under local anesthesia with 1% lidocaine. The biopsy specimens were snap frozen and stored at -20 to -70°C. Variation in storage time ranged up to 16 years, however no effect of the amount of time frozen on RNA quality was found.
RNA Isolation
Muscle tissue samples were homogenized using a PT 1300D (Brinkmann, Westbury, NY, USA) homogenizer with 12 mm rotor/stator head in 2.0 ml of cold TRIzol reagent (Invitrogen/Life Technologies, Carlsbad, CA, USA). The samples were then heated to 65°C and 0.4 ml chloroform (Sigma, St. Louis, MO, USA) was added. 5 μL of 4 ng/μL Carrier RNA was added to each sample to aid precipitation with ETOH and further purified using RNeasy Micro Kit (Qiagen, Valencia, CA, USA). 1 μg Total RNA Labeling Protocol starts with a ribosomal RNA (rRNA) reduction procedure where the 28S and 18S rRNA portion is significantly reduced from the total RNA sample minimizing the background and increasing the array detection sensitivity and specificity. All RNA was isolated by a single technician.
Expression Measurements
The rRNA was prepared and the cDNA synthesized for the Human Exon 1.0 ST Array microarray chips (Affymetrix, Santa Clara, CA, USA) using the GeneChip Whole Transcript Sense Target Labeling Assay kits (Affymetrix). Chip washing and staining was performed in two distinct sets of fluidics stations (GeneChip Fluidics Station 450, Affymetrix) and scanned on as many as five different scanners (GeneChip Scanner 3000 7G, Affymetrix). Two technicians performed the scanning measurements in discrete sets of dates.
Quality control metrics and technician insight were used to determine the need for re-scans. When re-scanning did not resolve the problem, such chips were discarded and cDNA hybridization mix placed on completely new chips (this occurred in 9.8% of the samples). A total of 225 baseline samples which passed such quality control metrics resulted in expression results available for analysis. Only transcript clusters identified as "core" (genes which have been identified with a high level of confidence) were analyzed, comprising a total of 17,881 genes.
Normalization Techniques
To account for varying intensity levels and other variability between different scans, we normalized the 225 chips using the Robust Multichip Average method with quantile normalization of the log 2 intensities with prior GC correction (GC-RMA [40, 41] ), using the mean of all probes associated with the given gene. Visual inspection of chip intensities found some chips with limited smears or mars (a common occurrence in such experiments), however, the bimodal methods employed are likely to be robust to such occasional random technical events, and hence no chips or regions of chips were excluded.
Batch Effect
In analyzing the 225 muscle files, we discovered a batch effect which was associated with distinctly different expression values by clusters of sample processing dates for some genes (Additional file 1). Investigating this batch effect, we determined that the final two clusters consisted of microarrays with distinctly different chip lot numbers and which had been processed on different fluidics stations. Initially (i.e. before discovering that a batch effect was present), use of all available chips led to the false detection of many bimodal genes -as combined expression values of normally distributed genes from different batches produced an apparent overall bimodal distribution. Hence, we conducted our analyses on the expression data from each batch separately -providing not only an independent confirmation set, but also an analysis free from this bias. While common linear adjustments may remove batch effects for normally distributed data, due to natural unequal proportions of data lying in each component of bimodal data, similar adjustments could result in bimodal data from two batches having 4 modes. Hence, we restrained our analysis to unadjusted data in separate batches.
The remaining 107 microarray chips could not be identified for lot number or for the fluidics station set they were processed on. Hence, we did not explore bimodality in this data separately, but constrained our initial analysis to the two identifiable clusters that had also been processed by a single technician (a cluster of 47 chips -group A, and another cluster of 71 chipsgroup B). While differences between clusters were observed for some genes, other genes appeared to be free from this batch effect. For these unaffected genes, power to detect associations with true bimodality would be greater in the total data set (225 chips) due to increased sample size. Hence, we first confirmed bimodality in the separate clusters before using the entire data set for further confirmation and association analyses.
Unimodal and Bimodal Distribution Fitting
For each gene, we had 47, 71, or 225 data points corresponding to the expression levels coming from each participant in the two batch groups or in the entire study. To avoid skewness with a unimodal distribution resulting in an artifactual inference of bimodality, the log 2 expression data for each gene were transformed by the Box-Cox method to reduce skewness [42] . The Box-Cox parameter was systematically varied in increments of 0.01 over the range of -4 to 4 to select the most appropriate value for each gene. Subsequently, maximum likelihood methods were used to estimate the parameters of a unimodal Gaussian distribution and of a bimodal Gaussian distribution (allowing for unequal variances of the two modes) that were most consistent with the transformed data. The unimodal density distribution is described by two parameters, the mean (μ) and standard deviation (σ), while the bimodal involves the means and standard deviations in each component (μ 1 , σ 1 , μ 2 , σ 2 ) and the proportion of area in one of the components (e.g., p 1 ). Such methods for model fitting have been used previously [43, 44] . A potential difficulty with maximum likelihood techniques is that it is difficult to be certain that the model has converged at the global, rather than a local, maximum of the likelihood. To ensure such convergence, parameters were estimated using a novel automatic parameter estimation technique. Essentially this method calculates the likelihood at various plausible values of the parameters chosen systematically (200,000 estimations per gene for the present study); the optimal values are then taken as initial estimates for a final maximum likelihood estimation using the Newton-Raphson algorithm. The result of this method was to greatly increase the likelihood of converging to the global maximum, with a coinciding increase in computational time that was not prohibitively long for the bimodal model (time was less than 1 minute per gene).
Model Selection
There is no unequivocal selection test for bimodal versus unimodal distributions, despite the fact that the models are nested [22, 24, 45] . Hence, a number of different criterion have been proposed, which we adopted. These include using a p-value threshold of 0.001 from a chi-square distribution with six degrees of freedom (as opposed to three in order to provide a more stringent cutoff) on the minus 2 log likelihood difference from the models, as well as a simultaneous requirement of misclassification area <0.1 based on the best estimated bimodal distribution [21, 22, 45] . This area is calculated as the minimum area under either curve to the right or left of the intersection of the two separate modes. The number of intersections can be 0, 1, or 2. When 0, the mean values were used as the dichotomous intersection estimates. When multiple, both intersections were used, with the intersection providing the minimal misclassification selected.
Additionally, we introduced a new requirement that the minimum number of data points to the left and right of the selected intersection point be at least 10%. This prevented bimodal model selection when a single or small number of outliers would otherwise have caused bimodal selection. Such a requirement is necessary to eliminate potentially large numbers of bimodal misclassifications for genes in which the best fit distribution's misclassification area is not significant, yet the bimodal fit is clearly the result of a single or small number of outlier points. As a consequence, this additional criterion will permit only the detection of bimodal genes that are dichotomously expressed in a non-trivial percentage of individuals, yet with greater confidence that these genes are not mis-assessed due simply to outlier points.
We confirmed the need for such a strategy in a separate analysis in which the lowest 5% and highest 5% of expression values were dropped. Such a strategy would prevent misclassification of bimodality due to a small number of outliers, though it would reduce the power to detect such in clean data. We noted this method to give very similar end-result prevalence estimates.
As some genes are expressed differently by gender, we fit a separate linear model on GC-RMA normalized expression levels to assess this association, using the resulting two-sided p-value as an additional tool to determine which genes exhibit bimodal expression due to different expression levels in men and women. If this p-value was ≥ 0.05, it was assumed that the bimodality was not due to gender.
SNP Associations
A total of 149 individuals with expression data were also genotyped with Affymetrix Genome-wide Human SNP Array 6.0 chips. Potential cis-acting SNPs (expression quantitative trait loci, [46] ) were identified as falling within 200 kb regions upstream or downstream of the start and stop locations of each bimodal transcript. A linear model was used to assess the association with adjustment for age, gender, and heritage with sibship included as a random effect to account for relations. A total of 1,221,921 SNP-expression associations were tested, from which a conservative Bonferroni estimate of significance would be 4.09 × 10 -8 . Expression levels were rank transformed with subsequent back-transformation to a normal distribution prior to fitting the linear models.
Physiological Measurements
Assessment of pre-diabetic traits was made as part of the research protocol corresponding to the investigation nearest to the muscle biopsy, usually performed on the same day, and never greater than 30 days from the biopsy date. Insulin action in vivo was assessed using the hyperinsulinemic, euglycemic clamp as described in [30] . Acute insulin secretion was assessed during an intravenous glucose tolerance test with analysis restricted to those with normal glucose tolerance (OGTT <140 mg/dl) and who were full heritage Pima [47] . Percent body fat was performed via underwater weighing and total body dual energy X-ray absorptiometry [48] .
